ABSTRACT: We used literature data on marine bacterial (sub)group abundances, as determined by fluorescence in situ hybridization, to test whether the ecological variability of the different subgroups was similar to that of the bacterial community as a whole. Patterns of 6 major groups are described (Alpha-, Beta-, Gammaproteobacteria and Bacteroidetes, as well as Rhodobacteraceae and SAR11) and related to environmental variables such as chlorophyll a (chl a) concentration, salinity, and temperature, distinguishing between coastal or open-ocean environments. Coastal ecosystems exhibited higher relative abundances (average % of DAPI counts) of Bacteroidetes (23%), Beta-(11%) and Gammaproteobacteria (10%), and Rhodobacteraceae (6%), while significantly higher contributions of Alphaproteobacteria and SAR11 (32%) were on average enumerated offshore. Multiple regression analyses showed significant explanatory power of chl a and temperature on total and SAR11 absolute abundances (expressed as cells ml −1 ), and of chl a and salinity levels on absolute abundances of Betaproteobacteria and Rhodobacteraceae. Other analyses revealed increasing contribution of Gammaproteobacteria for increasing temperatures and high temperature avoidance for Betaproteobacteria. Significantly different log-log regression slopes were found between bacterial group absolute abundances and chl a concentration at a global scale, ranging from 0.13 ± 0.04 (SE) for SAR11 to 0.53 ± 0.08 for Betaproteobacteria. The different patterns observed for the different groups, in coastal and open-ocean environments, suggest different niche preferences by each group as well as a coherent response to environmental factors.
INTRODUCTION
Bacteria do not constitute a uniform pool and their patterns of variability can be studied at different levels, either considering 'bacteria' as a whole, or dividing the community into the main phylogenetic groups that comprise the pool. Evidences of a trophic coupling between phytoplankton and bacteria in aquatic ecosystems were first found empirically by observing a significant correlation between bacteria, taken as a whole, and phytoplankton biomass, as estimated from chlorophyll a (chl a) concentration (Bird & Kalff 1984 , Cole et al. 1988 ). This coupling between autotrophs and heterotrophs was taken to suggest that bacteria use mainly the dissolved organic matter produced by phytoplankton to support growth through bacterial production (Nagata 2000 , Morán et al. 2002 . Studies based on the analysis of large data sets have evidenced the generality of such a link. Bacteria and chl a are generally related with a positive relationship and a log-log slope <1 between heterotrophic and autotrophic biomass (Simon et al. 1992 , Gasol & Duarte 2000 , indicating that bacterial biomass varies proportionally less than chl a. This relationship was shown to differ among habitat types such as the open ocean, which had more heterotrophic biomass per unit autotrophic biomass than coastal ecosystems (Gasol et al. 1997 , Gasol & Duarte 2000 . It also varied between freshwater and marine habitats (Simon et al. 1992) . In a comparative analysis approach comprising 13 973 paired data of bacterial abundance and chl a concentration, Li et al. (2004) showed that the relationship was upper-limited at high productivity levels, indicating a macro-ecological limit to bacterial abundance in highly productive waters.
Molecular techniques based on the detection of 16S rDNA sequences have shown that members of a variety of phylogenetic groups compose the bacterial community. Fluorescence in situ hybridization (FISH) allows quantifying the contribution of different bacterial groups to the total bacterial community, independently of the biases associated with PCR amplification (e.g. von Wintzingerode et al. 1997 , Amann & Fuchs 2008 . Based on the staining of the bacterial small subunit (16S) rRNA ribosomes after hybridization with specific probes, this technique was initially limited by the difficulty of detecting the small and slow-growing oceanic bacterial cells, but new hybridization protocols have considerably increased the limit of detection (Schönhuber et al. 1997 , Pernthaler et al. 2002 . For example, different FISH protocols have allowed differentiation of the contribution of different bacterial groups in distinct habitats such as freshwater or marine ecosystems ) and also to describe the spatio-temporal dynamics of bacterial community structure in a variety of natural habitats (Alfreider et al. 1996 , Llobet-Brossa et al. 1998 , Murray et al. 1998 , Simon et al. 1999 , Kirchman et al. 2005 . These studies have shown that the Alphaproteobacteria group dominates in marine coastal waters (e.g. Kirchman et al. 2005) , contrasting with Betaproteobacteria found more abundantly in freshwaters , Bouvier & del Giorgio 2002 . The SAR11 cluster, a distinct branch within the Alphaproteobacteria phylum, dominates surface ocean bacterial communities in nutrient-depleted areas such as oligotrophic waters of the Sargasso Sea (Morris et al. 2002) , but also in coastal Mediterranean waters in spring and summer (Alonso-Sáez & Gasol 2007) . The Rhodobacteraceae group of marine Alphaproteobacteria appears in most marine environments, and is generally more abundant in bacterial communities associated with marine algae (Buchan et al. 2005) . The Bacteroidetes constitutes one of the major picoplankton groups and appears to dominate in a variety of ecosystems such as cold waters (Simon et al. 1999 , Abell & Bowman 2005 and coastal waters (Eilers et al. 2001 , O'Sullivan et al. 2004 , Alonso-Sáez & Gasol 2007 where it can account for as much as half of all bacterial cells counted by FISH (Cottrell & Kirchman 2000) , and in some offshore conditions (Simon et al. 1999 , Abell & Bowman 2005 , Schattenhofer et al. 2009 ), often associated with phytoplankton blooms (Simon et al. 1999) .
The geographical distribution of the different bacterial groups does not vary at random but is controlled by several environmental factors. Alonso-Sáez & Gasol (2007) showed that the relative contribution of Bacteroidetes, Rhodobacteraceae, and Gammaproteobacteria increased in more productive waters of the subtropical North East Atlantic Ocean. Baltar et al. (2007) reported concomitant decreases of bacterial group relative abundance and pronounced changes in bacterial community structure along a transect in the North Atlantic from coastal to offshore waters. Seasonal studies of bacterial assemblage structure in some habitats such as the NW Mediterranean coastal waters (Alonso-Sáez & Gasol 2007) , the English Channel (Mary et al. 2006) , or the California coast (Fuhrman et al. 2006) indicate that a variety of environmental parameters participate in the spatio-temporal variability observed in bacterial community structure. For instance, patterns of bacterial group distribution have been observed along a gradient of salinity, with a shift in the dominance of Betaproteobacteria in ecosystems influenced by freshwater inputs to a predominance of Alphaproteobacteria in more open-water conditions (Bouvier & del Giorgio 2002 , Kirchman et al. 2005 . New high-throughput methodologies for determining bacterial diversity show these processes driving bacterial biogeography to be prevalent (e.g. Herlemann et al. 2011) However, all of these studies describe bacterial group distribution and their controlling factors in particular habitats, and only few have analyzed community structure at a larger, more global scale. Using both quantitative PCR and FISH, Selje et al. (2004) reported distinct patterns in the large-scale distribution of SAR11 and various Roseobacter clades. At the global ocean scale, Wietz et al. (2010) used catalyzed reporter deposition (CARD)-FISH to analyze latitudinal and biome-related patterns in bacterial group distribution, showing significantly differing bacterial communities in cold and warm oceans. Little is still known about the macro-ecological patterns of distribution of the different bacterial groups, but we already have a reasonable number of studies and a relatively large data set about bacterial subgroup concentrations that allow for a general macro-ecological study. Thus, we set out to statistically explore this database to investigate whether well-constrained relationships at the phylogenetic group level exist between bacterial abundance and ecological factors and are similar, or different, from those existing at the bulk community level. For this endeavor, we collected most published data and describe how the different bacterial subgroup abundances vary with chl a concentration, temperature, and salinity. We tested the null hypotheses that the bacterial group abundances exhibit the same patterns along gradients of chl a, temperature, and salinity in coastal and open-ocean ecosystems as those of the bacterial community as a whole. Additionally, we explored the possibility that the patterns are different for the different bacterial subgroups and that the pattern previously identified between the environment and bulk bacterial abundance is an emergent property of the planktonic ecosystem.
MATERIALS AND METHODS

Data collection
We electronically searched within the ISI Web of Knowledge (Thomson Reuters) for publications that in cluded the following keywords: marine bacterial community composition, bacterial community structure, fluorescence in situ hybridization (FISH), catalyzed reporter deposition-FISH (CARD-FISH), or marine bacterial assemblages. We completed our selection of studies by going through the literature cited sections of these papers to identify publications that had not been detected in the electronic searches. We found 34 different studies corresponding to 33 published papers to which we added 1 series of unpublished CARD-FISH results of bacterial group abundance in Blanes Bay, NW Mediterranean from 2008 to 2010 (Ruiz-González et al. unpubl.) .
All these studies (Table 1; see Appendix 1 for sampling sites) presented bacterial subgroup abundances or at least total bacterial abundance and % contribution of each group, in addition to the necessary ancillary data (at least chl a, temperature, and salinity when available).
We centered our study on the bacterial groups that have been previously described as major contributors to total bacterial community structure, in particular, Alphaproteobacteria (with a particular focus on SAR11 and Rhodobacteraceae), Gammaproteo bac te ria, Bacteroidetes, Betaproteobacteria, and total Eubacteria to compare with total bacterial abundance.
FISH and CARD-FISH procedures
From the 34 studies selected, 16 used basically a 'FISH' protocol, as in Cottrell & Kirchman (2000 , and 16 used a 'CARD-FISH' protocol as described by Pernthaler et al. (2004) and 2 used both approaches. To target the bacterial groups, the bacterial probes considered in most publications were: ALF968 (5'-GGT AAG GTT CTG CGC GTT-3') for Alphaproteobacteria , GAM42a (5'-GCC TTC CCA CAT CGT TT-3') for Gammaproteobacteria (Manz et al. 1992) , and CF319a (5'-TGG TCC GTG TCT CAG TAC-3') for the class Flavobacteria of the phylum Bacteroidetes (Manz et al. 1996) , BET42a (5'-GCC-TTC-CCA-CTT-CGT-TT-3') for Beta proteo bacteria (Manz et al. 1992) , and the probe EUB338 I-III (5'-GCT GCC TCC CGT AGG AGT-3') as a general probe mixture targeting Eubacteria (Amann et al. 1990 , Daims et al. 1999 . In most studies, a negative control with the EUB antisense probe NON338 (5'-ACT CCT ACG GGA GGC AGC-3') (Wallner et al. 1993 ) was used to determine non-specific binding.
In addition, the relative abundances of the SAR11 and Rhodobacteraceae clusters were also analyzed mostly using the probes SAR11-441R (5'-TAC AGT CAT TTT CTT CCC CGA C-3') (Morris et al. 2002) and Ros537 (5'-CAA CGC TAA CCC CTC C-3') (Eilers et al. 2001) . However, other probes were also used to target SAR11, such as SAR11/486 (5'-GGA CCT TCT TAT TCG GGT-3') (Fuchs et al. 2005 ) and SAR11/ 542R (5'-TCC GAA CTA CGC TAG GTC-3') (Morris et al. 2002) . Probe RSB67 (5'-CGC TCC ACC CGA AGG TAG-3), specific for the Alphaproteobacteria subgroup Rhodobacteraceae was also used in some studies (Zubkov et al. 2001 ) (see details in Table 1 ).
Data extraction
Most data were from the surface ocean layer (except those of the CARIACO basin data set, Table 1 ). Relative abundances were expressed in terms of % contribution to total DAPI counts or to total flow cytometric counts, while absolute abundances were expressed in number of cells ml −1
. The subgroup concentrations were paired with chl a concentration and the other environmental variables such as temperature (°C) and salinity when information was available. Some data were obtained from histogram graphs and digitized with the use of GraphClick v.3 (Arizona Software).
Considering the break shelf as the limit between coastal and open-ocean ecosystems, 20 of the studies ), defined operationally as the pigment amount detected from particles retained on glass-fiber membranes, by spectrophotometry or by high-performance liquid chro matography, was used as a proxy of ecosystem productivity status (low and high chl a concentration are used as proxies of low and high productivity levels). All chl a concentrations, temperatures, and salinity parameters corresponded with field measurements performed on the day of sampling. For the study by Kirchman & Castle (2004) , chl a concentrations were not directly available but were estimated from the particulate beam attenuation coefficient (C p ) results following the relationship: chl a (μg l −1 ) = 2.6C p − 0.014, as proposed by Behrenfeld & Boss (2003) .
In all selected studies, calibrated multiparametric probes and conductivity-temperature-depth probes were used for measuring temperature and salinity (see the specific references for details, Table 1 ).
Standardization of FISH and CARD-FISH results
As explained above, we combined the data obtained with the FISH and the CARD-FISH protocols. It is well known that, in most ecosystems, the CARD-FISH protocol produces higher counts, as it is more sensitive than the FISH protocol (e.g. Pernthaler et al. 2002) . In order to be able to compare the relative abundances (% of DAPI) and the absolute cell abundances (calculated from the total DAPI) measured by FISH and CARD-FISH, we conducted a standardization of the relative abundances, assuming that all the FISH and the CARD-FISH estimates came from the same global 'population,' and that both methodologies had sampled enough to obtain a fair representation of the contribution of each group to the global community. For each bacterial group studied, 1-way ANOVA and t-tests were conducted on the whole data set to test whether measurements of bacterial group contribution to total bacterial community structure by FISH or CARD-FISH were significantly different. Significant differences were observed for 4 of the 7 groups studied (Alphaproteobacteria, Gammaproteobacteria, Bacteroidetes, and Eubacteria) , and their FISH values were corrected accordingly. As an example, for EUB+ cells, we could assume that the average 30% obtained by FISH and the average 59% obtained by CARD-FISH are both estimates of the same data 'population.' In that example case, we would bring the 30% up to 59% and we would thus multiply all EUB values by the factor 59/30. Concentrations were then computed from the percentages and the total DAPI. When no significant differences were observed between techniques (as was the case for SAR11, Roseobacteria, and Betaproteobacteria), no percentage transformations were conducted. Note that this procedure assumes that the unlabelled cells by FISH that could be labeled by CARD-FISH are distributed equally among all bacterial groups, and that the discrepancy between the 2 methodologies stems from different degrees of activity spread equally within all subgroups. This is likely not the case (large Gammaproteobacteria cells might be better detected by FISH than small SAR11 cells), but we have no way of accounting for these differences.
We ignored specific variations in protocols (although they might be quite relevant, e.g. Bouvier & del Giorgio 2003) . The detection of target cells by FISH is known to vary drastically among the published literature, ranging from 1 % in soil to 100% of the total bacterial count in enriched culture for Eubacteria across 51 different published reports (Bouvier & del Giorgio 2003) . Not only methodological factors such as the type of fluorochrome or the stringency conditions can significantly influence the performance of FISH, but ecological factors such as ecosystem type (e.g. coastal, open-ocean, freshwater) also explain a large amount of variability in target detection (Bouvier & del Giorgio 2003) .
We also ignored variability in probe coverage, but the known limitations of current probes should be taken into account (e.g. Amann & Fuchs 2008 , Díez-Vives et al. 2012 ). Many of the group-specific probes used to target the major taxonomic groups do not have 100% group coverage, and thus the potential for false identification exists. Whereas false positive identifications are generally caused by the low specificity of the sequence of the probes to bind selectively a particular group (e.g. CF319a was designed to cover the Flavobacteria and Sphingobacteria but is much less efficient at targeting the Bacteroidetes, Amann & Fuchs 2008) , false negative identifications are generally caused by a low cellular ribosome content, or by the inaccessibility of the probe binding site due to the complexity of the structure of the ribosome, or simply by the lack of cell permeabilization during the FISH procedure (Amann & Fuchs 2008 ).
Multivariate analysis
Both relative (% contribution to DAPI or total prokaryotes) and absolute abundances (cells ml −1 ) were used in statistical comparisons with chl a concentration, temperature, and salinity. To avoid the differences generated by the scale of the independent variable (chl a, temperature, salinity) and to allow for the comparison of the relative impact of each independent variable in multivariate models, we used standardized Beta-coefficients in multiple re gression models. All analyses were performed with the JMP (version 5.0.1) statistical software package (SAS Institute). The graphs (see Fig. 1 ) were created with the software Aabel 2.4 (Gigawiz) with a 7×7 point moving average.
Linear regression analysis and analysis of covariance
To compare slopes of relationships between standardized absolute abundances of each bacterial group and the independent variables (e.g. chl a), equations of the regressions are presented as log (y) = a + blog (x) with y = cells ml
). To test for the significance of the slopes and intercepts, Student's t-tests were conducted after applying model I regression analyses. Model I was chosen because of the inequality of error variances between response and explanatory variables (Legendre & Legendre 1998) . To compare linear regressions and test for heterogeneity of slopes, analysis of covariance (ANCOVA) tests were also performed. All tests were conducted with JMP 5.0.1 software (SAS Institute).
Analysis of bacterial group distribution
The collected data of bacterial group relative abundances and environmental parameters such as chl a concentration, temperature, and salinity were used to estimate the 'preferred' range of environmental parameters for each bacterial group using a quotientrule analysis (QRA, Somarakis et al. 2006) . Each envi ronmental variable was divided into regular intervals for which the frequencies of occurrence were calculated and expressed in percentages. The number of intervals in every environmental variable was set to ensure that maximal occurrence per interval did not exceed 20% of all measurements. For each bacterial group, the average of cell abundance (log transformed) was calculated within each interval of the environmental parameter and then was expressed as a percentage of the group abundance accumulated over the full range of the environmental variable. Then, for every interval, the quotient values were estimated with the equation: Quotient values were smoothed using a 3-point running mean and then plotted against environmental factors, reflecting 'preference' (quotient values >1) or 'avoidance' (quotient values <1) for a specific variable range (interval). A non-parametric Kolmogorov-Smirnov test of goodness of fit (Zar 1999 ) was used to compare the cumulative frequency distribution of bacterial groups per category of environmental variable against the distribution histograms of that environmental variable. The null hypothesis (H 0 ) considers that the observed bacterial group distribution should be at random along that environmental variable.
RESULTS
Environmental parameters
The data set analyzed was quite representative of the world's oceans: chl a concentrations in coastal environments had an average value of 1.23 μg l −1 and ranged from 0.05 to 103.15 μg l −1 (N = 294). A shorter range and lower chl a average, 0.16 μg l (Tables 1 & 2) . Salinity of coastal waters ranged from 0.08 recorded in the Delaware estuary, USA , to a maximum of 38.7 measured at the Blanes Bay station in the NW Mediterranean (Alonso-Sáez & Gasol 2007) . In openocean waters, a minimum was measured in the Arctic at 20.3 (Garneau et al. 2006 ) and a maximum in the Sargasso Sea at 36.8 (Carlson et al. 2009) (Tables 1 & 2) .
Bacterial group contribution to bacterial community structure (BCS) across ecosystems
At the global scale, Alphaproteobacteria and Bacteroidetes were the largest contributors to BCS with Q = bacterial group abundance (%)
frequency o of occurence of environmental variable (%) relative abundance averages (expressed as % of DAPI counts) of 25 ± 12% (CV) and 19 ± 15%, respectively (Table 2) . Almost similar contributions were found for Betaproteobacteria and Gammaproteobacteria with respectively 10.5 ± 28% and 9.5 ± 21%. Alphaproteobacteria relative abundance in coastal ecosystem was on average 23%, with a range of 1 to 85% (Tables 1 & 2) . In offshore conditions, there was a significantly higher relative contribution of Alpha proteobacteria to BCS (32%; t-tests, N = 351, p < 0.001) but with a lower range of variability (5 to 59%). SAR11 contributed 22% on average in coastal conditions, ranging from 0 to 59%. Offshore, a similar range of variation (5 to 67%) was measured but with a significantly higher average contribution (32%; t-test, N = 252, p < 0.001). In comparison with Alphaproteobacteria and SAR11, the average relative contribution of Rhodobacteraceae was significantly higher in coastal conditions, with 6.4 and 4.9%, respectively (t-test, N = 281, p < 0.05). The range was 0 to 39% in coastal areas and 1 to 18% in open-ocean environments. The Bacteroidetes relative abundance and range of variation were significantly higher in coastal than in offshore conditions (t-test, N = 465, p < 0.001). In coastal ecosystems, an average contribution of 23% (range <1 to 81%) was found, while offshore, Bacteroidetes contributed an average of 13% (range <1 to 51%).
In comparison with open-ocean waters where Gamma proteobacteria contribution to BCS averaged 8%, significantly higher relative contribution of Gamma proteobacteria was observed in coastal environments, averaging 10% of BCS (t-test, N = 289, p < 0.001) and with a very high range of variability (<1 to 96%) of the DAPI counts. This unusual strong maximum contribution (> 90% BCS) was found in coastal lagoon waters with high chl a concentration and high temperature in the southwestern coastal Atlantic (Piccini et al. 2006) .
As with Bacteroidetes, Gammaproteobacteria, and Rhodobacteraceae, higher relative abundances of Betaproteobacteria were measured at coastal than offshore sampling sites, with averages of respectively 11 and 7% (t-test, N = 174, p < 0.001). Similarly, a higher range of Betaproteobacteria contribution was observed at coastal sites (<1 to 51%) than in offshore environments (4 to 16%; Tables 1 & 2) . Compared with the coast, the number of observations for Betaproteobacteria abundance was very low offshore, mostly observed during coast to offshore transects in the South China Sea and off the Oregon coast (Zhang et al. 2006 , Longnecker et al. 2006 ; Table 1 ). 
Patterns in BCS across environmental parameters
We analyzed to what extent the variability measured in the bacterial group contribution to BCS was driven by different environmental parameters such as chl a, temperature, and salinity. We first created contour plots to represent the relative contribution to BCS as a function of chl a concentration and temperature (Fig. 1) , and as a function of chl a concentration and salinity (Fig. 2) . These types of plots are useful to observe general trends, but cannot be used to test for any relationship between the variables. No evident patterns in the relative contribution of Alpha-and Gammaproteobacteria to BCS could be observed across the range of chl a concentrations and temperatures or salinity, the maximum (> 50%) appearing at both low and high temperatures (data not shown). However, strong effects of temperature and chl a ). The bacterial groups considered are (A) Eubacteria, (B) Rhodobacteraceae, (C) Bacte ro ide tes, (D) SAR11, and (E) Gammaproteobacteria. Note that the color scales are different for each plot and that not all data are represented on the contour plots because they are outside the chosen x-and y-axis limits concentration were seen on eubacterial relative contribution, with its maximum contribution observed at lower chl a and temperature levels (Fig. 1A) . Furthermore, the highest Bacteroidetes contribution (>18%) was observed at high chl a levels but within a large range of temperatures from 2 to 17°C (Fig. 1C) . Even more pronounced patterns were observed when focusing on the 2 alphaproteobacterial groups: SAR11 and Rhodobacteraceae (Figs. 1B,D & 2B) . While highest SAR11 relative contributions were observed at high temperatures and low chl a concentration (Fig. 1D) , Rhodobacteraceae relative abundance increased with increasing levels of chl a concentration (Figs. 1B & 2B) and were strongly influenced by salinity (Pearson t-test, N = 70, p < 0.05). Similarly, particularly pronounced effects of salinity on Betaproteobacteria relative contribution were obvious (Pearson t-tests, N = 66, p < 0.005), reaching values of >18% at salinities < 6 (Fig. 2A) . The study at narrower phylogenetic levels (compared with the bulk bacterial abundance) showed that the contribution of the different bacterial groups to community structure did not vary uniformly across the intervals of the different environmental variables (Table 3) . While QRA and quotient curve plots showed similar patterns in the preference of Eubacteria, Alphaproteobacteria, and Gammaproteobacteria for increasing chl a levels (even more pronounced for Betaproteobacteria), SAR11, in contrast, exhibited pronounced 'avoidance' and relatively lower contributions to BCS at increasing chl a levels (Fig. 3A , Table 3 ) with quotient curve values <1 at intermediate chl a levels. Gamma-and Alphaproteobacteria, and to a lesser extent Eubacteria, followed similar patterns of preference and avoidance for increasing levels of temperatures (Fig. 3B, Table 3 ). Not one but several intervals of 'preference' and 'avoidance' were observed for these groups along the gradient of temperature. The contribution of Gammaproteo bacteria to BCS was particularly low from 0 to 7.5°C but increased in the temperature intervals 11.9 to 17.4°C and 19.6 to 26.2°C. The opposite pattern was observed in the Betaproteobacteria quotient curve that showed maximum preference for the low temperature intervals 0 to 7.5°C and increasing avoidance with increasing temperatures (Fig. 3B, Table 3 ). Contrasting patterns were also observed with salinity, since increasing preference for high salinity was observed for SAR11 and Rhodobacteraceae, in opposition to Betaproteobacteria that showed progressive avoidance with increasing salinity (Fig. 3C , Table 3 ).
Bacterial group concentrations as a function of chl a
To investigate the relationships between the different bacterial groups and productivity level (as estimated from chl a concentration), the absolute abundances of each bacterial group were regressed against chl a concentrations (log transformed, Fig. 4 ). Pa rameter details of the different equations are presented in Table 4 and follow the form: standardized log bacterial abundance (cells ml −1 ) = intercept (± SE) + slope (± SE) × log chl a (μg l −1 ) All equations were significant (analysis of variance p < 0.0001; Table 4) . We compared the different relationships and tested for the significance of the homogeneity of slopes, performing an ANCOVA that included interaction of covariates. The homogeneity of slopes assumption was rejected (AN -COVA, N = 1980, p < 0.001), indicating that the slopes between bacterial absolute abundance and chl a differed among bacterial groups. Based on individual pairwise comparisons of least squares means in the model using Student's t-tests, we observed that the bacterial group abundances increased at different rates with chl a concentration ( Fig. 2A) . The slope of 0.35 (± 0.02 SE) measured at the global scale between bulk bacterial abundance (total DAPI counts) and chl a was significantly different from the different slopes measured at narrower phylogenetic levels (except for Rho do bacteraceae) (Table 4A right panel). The highest slope was found for Betaproteobacteria (Eq. 8A in Table 4A ) followed by Bacte roi detes and Eubacteria concentration (Eqs. 7A & 2A in Table 4A ) with respectively 0.53 ± 0.08, 0.49 ± 0.04, and 0.48 ± 0.04. Since the lowest slope of 0.13 ± 0.04 observed for SAR11 was significantly different than the one measured for Alphaproteobacteria at 0.24 ± 0.04 and significantly different intercepts were also measured, the contribution of SAR11 to the Alphaproteobacteria group decreased with increasing chl a levels. No significantly different slopes were found between Alphaproteobacteria, Gammaproteo bac teria, and Rho do bac te ra ceae (Table 4A ). However, significantly different intercepts were found between these groups; Alpha proteobacteria and Bacteroidetes dominated BCS at low chl a levels but the slopes indicated that the relative contribution of these groups varies little along the gradient of chl a.
The lowest coefficients of deter mi nation (R 2 ) were determined for the equations of Alphaproteobacteria, SAR11, and Gammaproteobacteria with respectively 0.10, 0.04, and 0.07, indicating that almost no variance was accounted for by the regression model used, even if significant. The highest R 2 values were measured for bulk bacteria and Bacteroidetes, where 47 and 45% of the variance was respectively explained by chl a.
Lastly, individual pairwise comparisons of the least squares means using Student's t-test showed no significant differences be tween the relationships when including or excluding the dataset by Wietz et al. 
Coastal versus open-ocean ecosystems
We investigated how different the relationships between the different bacterial groups and chl a were among coastal or open-ocean ecosystems. The homogeneity of slopes assumption was rejected (ANCOVA, N coastal = 1242, N open = 738, p < 0.001), indicating that the slopes between bacterial absolute abundance and chl a differed among bacterial groups in both conditions. Comparing the slopes of the relationships among ecosystems using individual pairwise comparisons of least squares means with Student's t-test (as previously performed at the global scale), we observed that the bacterial group abundances increased at different rates with chl a concentration (Table 4B,C). Except for the SAR11 and Gammaproteobacteria relationships that were not significant in coastal and open-ocean environments, respectively, all equations were significant in both types of ecosystems (ANOVA, p < 0.0001; Eqs. 4B & 6C in Table 4 ).
In coastal conditions, almost no variance was accounted for by the regression equations of SAR11 and Gammaproteobacteria, with R 2 values of respectively 0.01 and 0.08 (Table 4B ). Higher R 2 values were measured for the other equations, ranging from ) as counted by DAPI or flow cytometry 0.22 to 0.41 for Rhodobacteraceae and Eubacteria, respectively, indicating that the regression models were good at explaining these variances. The highest slope was measured for Betaproteobacteria (Eq. 8B in Table 4B ) with 0.52 ± 0.08, followed by Eubacteria and Bacteroidetes concentration (Eqs. 2B & 7B in Table 4B ) with respectively 0.50 ± 0.05 and 0.40 ± 0.04. Compared with the slope found for SAR11 that was not significantly different from 0, significant positive slopes were measured for Alphaproteobacteria and Gammaproteobacteria with respectively 0.25 ± 0.05 and 0.25 ± 0.06 (Table 4B ).
In open-ocean sites, the highest slope was found for Eubacteria (Eq. 2C in Table 4C ) followed by Bacteroidetes (Eq. 7C in Table 4C ) with respectively 0.66 ± 0.09 and 0.48 ± 0.06. While no significant slope was found for Gammaproteobacteria with −0.06 ± 0.12 and R 2 close to 0, indicating that no variance was accounted for by the regression, higher R 2 and a significantly different slope of 0.31 ± 0.05 was measured for SAR11 (Eq. 4C in Table 4C ). However, neither significantly different slopes nor different elevations (ordinates) were observed between the SAR11 and Alphaproteobacteria equations (Table 4C ), indicating that most of the Alphaproteobacteria relationship was driven by the SAR11 contribution to that group. Since significantly different slopes and intercepts were measured between SAR11 and Bacteroidetes, the Bacteroidetes contribution to BCS along the gradient of chl a in open-ocean conditions will tend to increase faster than that of SAR11, and the relative contribution of these 2 groups to community structure will vary accordingly.
Multiple linear regression analysis
We calculated the standardized beta coefficients in order to compare the effect of different independent variables in multivariate regression models. Bacterial group absolute abundances ) were first expressed as a function of temperature and chl a concentration and second, as a function of salinity and chl a concentration (Table 5) . From the beta weights we observed that chl a effects on bacterial absolute abundances were stronger than the temperature effects (F-test, p < 0.05). However, total bacterial cell abundance (as counted by DAPI or by flow cytometry), Eubacteria, and SAR11 absolute abundances were significantly controlled by both parameters, indicating that bacterial concentration tended to increase with increasing levels of chl a and with increasing temperatures (F-test, p < 0.05). While for total and for eubacterial cell abundances the model using both explanatory variables had coefficients of determination (R 2 ) of 0.43 and 0.41, respectively, indicating that the multiple regression model was successful at fitting the data, the R 2 corresponding to the SAR11, Gamma-, and Alphaproteobacteria absolute abundance equations were close to 0, indicating that very small variance was accounted for by the regressions, in spite of the high statistical significance of the regression equations as measured by the F-ratio.
When bacterial subgroup absolute abundances (cells ml −1 ) were expressed as a function of salinity and chl a concentration (Table 5) , we observed both a significant negative effect of salinity and a positive effect of chl a concentration on bulk bacterial concentration, Betaproteobacteria, and Rhodobacteraceae absolute abundances (F-test, p < 0.05). For total bacterial abundance and for these 2 groups, the multiple regression equation had R 2 of respectively 0.22, 0.32, and 0.29, indicating that a substantial part of the variability was accounted for by chl a and salinity, both predictor variables being significant (Ftest, p < 0.05). High significance of the F-ratio (F-test, p < 0.0001) showed that the multiple regression equation was a good model for explaining the group absolute abundances.
While we tried regression models with all 3 independent variables (and also including total bacterial abundance as an independent variable), they were not better (i.e. did not have a better F-ratio) than the models with 2 independent variables enumerated above.
DISCUSSION
Bacterial abundance and biomass measured at the community level have been seen to covary with the trophic status of a variety of ecosystems (Bird & Kalff 1984 , Cole et al. 1988 , Gasol & Duarte 2000 . How- ). Beta coefficients (Beta) represent the contribution of each independent variable (temperature, chlorophyll, or salinity) to the prediction of the dependent variable (in relative or absolute abundances). Values in bold are significant (*p < 0.05), N obs : number of observations, ns: non-significant values ever, little is known about the relationship at more specific bacterial phylogenetic levels. Considering the increasing number of studies that have quantified in situ the major bacterial groups composing the bacterial communities, the global scale variability of BCS and its linkage with ecological and environmental parameters should now be identifiable. We intended to establish a phylogeography of the major bacterial groups from in situ estimations by the FISH or CARD-FISH techniques and to define each bacterial group relationship with phytoplankton biomass. For this purpose, we used a statistical approach based on a comparative analysis of 34 different studies reporting both relative and absolute major bacterial group abundance.
Bacterial group biogeography
Our analysis confirmed the global prevalence of Alphaproteobacteria and the SAR11 clade in both coastal and open-ocean conditions (Morris et al. 2002 , Wietz et al. 2010 . The particularly pronounced contribution of Bacteroidetes observed here in coastal conditions (whose average relative abundance was similar to the one observed for Alphaproteobacteria; Table 2 ) contrasted with previous global scale surveys of bacterial community structure done with clone libraries (Pommier et al. 2007) or FISH (Wietz et al. 2010) . Several previous studies have described Bacteroidetes as great contributors to BCS in coastal waters and polar regimes, apparently linked to algal blooms and involved in the degradation of polymers such as polysaccharides and proteins (Cottrell & Kirchman 2000 , Eilers et al. 2001 , and a certain bias against Bacteroidetes in PCR-based methodologies has also been reported (e.g. Cottrell & Kirchman 2000 , Alonso-Sáez & Gasol 2007 .
Although the range and the average relative abundance of the different groups (expressed in terms of % of DAPI counts) was significantly higher in coastal rather than in offshore conditions (except for SAR11 and Alphaproteobacteria for which it was the contrary), we showed that the different bacterial groups exhibited different levels of contribution to BCS across different intervals of chl a, temperature, and salinity, indicating the presence of biome-related variations in the relative distribution of bacterial groups (Pommier et al. 2007 , Wietz et al. 2010 . In particular, the preference of Betaproteobacteria for colder waters contrasted with the increasing preference patterns of Gammaproteobacteria for warmer temperatures (Fig.  3) . Whether temperature is the only reason explaining the different contribution of some phylogenetic groups occurring at different latitudes cannot be answered; these patterns appeared robust and similar to the previous findings of Wietz et al. (2010) , who observed significant differences in the fraction of Bacteroidetes occurring at low or high latitudes.
The average relative contribution of Alphaproteobacteria, Gammaproteobacteria, Bacteroidetes, and Eubacteria was significantly higher when counted using CARD-FISH than by FISH procedures. Applying a correction factor to these groups in order to cancel out the differences observed between techniques, it could be argued that the methodology used in this metaanalysis for standardizing the data might bias the observed patterns in bacterial group distribution. To discount such a hypothesis, we measured for each of these groups (Alphaproteobacteria, Gamma pro teo bacteria, Bacteroidetes, and Eubacteria) the ratio between their average contribution as measured by CARD-FISH and their average contribution as measured by FISH, and compared it along a gradient of chlorophyll, temperature, and salinity. Additional 1-way ANOVAs and t-tests showed that these ratios (%CARD-FISH / %FISH) were constant along the 3 gradients of environmental variables, with no significant differences observed at different levels, indicating that the proportion of FISH to CARD-FISH did not vary with the level of productivity (as measured by chl a), with temperature, or with salinity. We therefore considered that the differences between FISH and CARD-FISH were more likely the result of the methodology and not the result of the environmental variables (chl a, temperature, salinity) where it was measured.
The patterns observed among the major bacterial groups could also result from the large coverage of these broad bacterial probes, hiding patterns in bacterial community structure at narrower phylogenetic levels. As an example, different SAR11 ecotypes have been shown to vary through time and depth in response to physical and chemical variability (Field et al. 1997 , Morris et al. 2005 , Carlson et al. 2009 ). Similarly, the presence of different Flavobacteria clades, such as DE2 in polar biomes and the VISION clades in Arctic provinces, suggests that distinct flavobacterial clades have different niches and could present different life strategies (Gómez-Pereira et al. 2010) .
Relationships between bacterial community structure and productivity
The average relationship between bulk bacterial and autotroph biomass is characterized by a slope <1 (Gasol & Duarte 2000) . The model I regression slope found in this study averaged 0.35 ± 0.02 and was lower than the slope average of 0.46 ± 0.09 measured by Li et al. (2004) across a variety of biogeochemical provinces, or the average of 0.47 ± 0.03 reported in a comparative analysis of 33 compiled empirical relationships measured earlier from different aquatic ecosystems (Gasol & Duarte 2000) . However, the slopes we measured with Eubacteria (0.48 to 0.66) were larger than the value found with DNA-binding dyes such as DAPI (0.35 to 0.38), indicating that the fraction of total cell counts that can be visualized by in situ hybridization increased with the productivity level. The capacity to detect bacteria using FISH has been correlated to RNA content and thus to the single-cell activity state (Karner & Fuhrman 1997 , Tolker-Nielsen et al. 1997 and there is increasing evidence that the hybridization technique preferentially detects cells with a higher level of activity (Oda et al. 2000 , Bouvier & del Giorgio 2003 . Since bacterial activity increases with productivity (e.g. Cole et al. 1988) , the increasing proportion of cells that could be hybridized with the eubacterial probe might be related to changes in community metabolism as suggested by Bouvier & del Giorgio (2002 .
Here we investigated the coupling between primary producers and bacteria at more detailed phylogenetic levels, focusing on bacterial group absolute abundances as determined by FISH (expressed as cells ml −1
). Distinct log-log relationships were observed with significantly different regression slopes than the one described between bulk bacterial abundance and chl a, ranging from 0.13 ± 0.04 to 0.53 ± 0.08 for SAR11 and Betaproteobacteria, respectively, indicating that the different bacterial groups were differently coupled and interrelated to phytoplankton biomass (as estimated from chl a). The rates at which the different bacterial group abundances increased across the gradient of chlorophyll could indicate different metabolic aptitudes for utilizing the organic matter originating from phytoplankton release processes (e.g. Sarmento & Gasol 2012 ) and thus, different contributions to the recycling of organic matter in the ocean. In that sense, the bacterial groups SAR11 and Gammaproteobacteria were the ones with the lowest slopes with chl a and thus with a weaker relationship to phytoplankton, while stronger links were found for Bacteroidetes. However, the strong relationship found between Betaproteobacteria and chl a with a particularly high regression slope of 0.53 ± 0.08 was an indirect consequence of high chlorophyll values generally associated with estuarine/bay low-salinity waters. Salinity was the main driver of Betaproteobacteria presence, as measured with the multiple regression beta coefficients that were significant for salinity and not for chl a (Table 5) .
It is also possible that the particularly low slope of SAR11 was the consequence of antagonistic effects between bulk abundance and SAR11 relative abundance: SAR11 relative abundance increased in oligotrophic conditions, but the total bacterial number of cells was lower in low-productivity sites, and this effect was reversed in more productive sites. The opposite can also be possible for Betaproteobacteria: with their relative contribution being higher in coastal, low-salinity environments where the bulk abundance is higher, Betaproteobacteria relative abundance and bulk cell number would covary and thus generate a high slope.
BCS−chl a relationships in coastal and open-ocean conditions
Dividing the dataset according to the type of ecosystem (coastal or offshore), we found different regression slopes between abundance and chl a levels (Table 4B ,C). The regression slopes between bulk bacterial biomass and chl a are <1 (Gasol & Duarte 2000 , Li et al. 2004 , and thus, the bacterial to phytoplankton biomass ratio decreases across a gradient of productivity (Fuhrman et al. 1989 , Cho & Azam 1990 , Li et al. 1993 , Buck et al. 1996 . However, the slope of this ratio has been shown to vary amongst ecosystem type such as offshore, coastal waters, or lakes (Simon et al. 1992 , del Giorgio & Gasol 1995 , Gasol et al. 1997 . Similarly, evidence of significantly different slopes between bulk bacterial abundance and chl a concentration in coastal or in offshore conditions has also been reported by both Cho & Azam (1990) , who measured positive regression slopes in eu tro ph ic systems and slopes not statistically different from 0 in oligotrophic systems (chl a < 0.5 μg l −1 ), and Buck et al. (1996) , who also found lower slopes at lower levels of productivity. In our study, relatively lower regression slopes were measured in open-ocean ecosystems than in coastal conditions with 0.25 ± 0.04 and 0.38 ± 0.04, respectively (Eqs. 1B & 1C in Table 4) , indicating a lower response of bulk bacterial abundance to increasing phytoplankton biomass in oligotrophic conditions (i.e. Gasol & Duarte 2000 , Gasol et al. 2009 ). Whilst bacterial community structure was not analyzed in these previous studies, one can consider that such low slopes found at the bulk level in offshore systems may indicate that the bacterial groups exhibiting similar weak regression slopes would be those mainly driving the relationship. Indeed, the relatively low slope averages of 0.24 ± 0.04 and 0.22 ± 0.05, respectively, found for Alphaproteo bacteria and Gammaproteobacteria in comparison with their high contribution to BCS corroborate previous findings by several authors, among them e.g. Baltar et al. (2007) , who showed SAR11 (one of the principal contributors to Alphaproteobacteria) as the main component responsible for the variability in bulk prokaryotic abundance along a transect from surface coastal waters to offshore waters of the Canary coastal transition zone.
Contrary to the generalist paradigm that would claim that all bacterial groups use the algal-derived dissolved organic carbon (DOC) in an indiscriminate way (Sarmento & Gasol 2012 and references therein), evidences of co-occurring shifts in both bacterial and phytoplankton community structures (van Hannen et al. 1999 , Grossart et al. 2005 have stimulated the 'specialist' paradigm, in which bacterial groups are specifically linked to specific phytoplankton groups through the differences in the quality of the excreted dissolved organic matter (Sarmento & Gasol 2012) . In agreement with the relatively high slopes found in the present study between Bacteroidetes and productivity, several studies have not only identified Flavo bacteria (belonging to the phylum Bacteroidetes) in the algal phycosphere (RooneyVarga et al. 2005 , Sapp et al. 2007 ) but also reported its association to dinoflagellates (Hold et al. 2001) or diatom blooms either by means of molecular fingerprinting techniques (Riemann et al. 2000) , or by determining the number of active Bacteroidetes cells by microautoradiography-FISH (Sarmento & Gasol 2012) . Moreover, evidence of concomitant shifts in bacterial metabolism and community structure during a dinoflagellate bloom off the southern California coast was reported by Fandino et al. (2001) . Similarly, using bromodeoxyuridine im muno cyto chemis try associated with the FISH technique (BIC-FISH), Tada et al. (2011) observed that Beta proteobacteria were strongly correlated with the organic matter supply originating from algae during phytoplankton blooms in the western North Pacific Ocean.
Even though associations of Alphaproteobacteria and Gammaproteobacteria with microalgae have been reported in different studies (Hold et al. 2001 , Grossart et al. 2005 , Garcés et al. 2007 ), we measured only weak relationships, as indicated by low R values (Table 4) with low slopes across the gradient of chl a at the global scale for SAR11 and Gamma pro teobacteria with slopes of 0.13 ± 0.04 and 0.22 ± 0.05, respectively. However, these relationships changed when the type of ecosystem was taken into account. A significantly higher slope of 0.31 ± 0.05 was measured for SAR11 in open-ocean conditions, while a significantly higher value was measured for Gammaproteo bacteria in coastal conditions, indicating specific links between the different bacterial groups and phytoplankton among each type of ecosystem. SAR11 has been shown by FISH to occur abundantly as freeliving cells in surface oceans (Morris et al. 2002) . Evidence of proteorhodopsin gene expression in the strain Pelagibacter ubique (Giovannoni & Stingl 2005) suggests that SAR11 could produce additional energy by using a light-driven proteorhodopsin proton pump, that may not only confer a growth rate advantage in nutrient-depleted conditions (Giovannoni & Stingl 2005) , but might also loosen the relationships with phytoplankton, as suggested by the particularly low slope measured in our study. Note that a relatively low slope of 0.24 ± 0.04 also measured for the whole Alphaproteobacteria group suggests that the Alpha proteobacteria relationship was mostly driven by the high contribution of SAR11 within the Alpha proteo bacteria group. This would in turn support the idea proposed by Yokokawa & Nagata (2005) that particular ecological traits (DOC uptake, bacterial production and growth, grazing rates) can be detected using broad phylogenetic probes, when an ecological trait of a broad group largely reflects the trait of the dominant subgroup in the community. Low coupling between SAR11 and chl a might also indicate the use by this dominant bacterial group in oceanic waters of non-contemporaneous primary production, something that has been suggested to occur for the bulk community across the central Atlantic gyre (Gasol et al. 2009 ).
On the other hand, a less positive or even zero slope in the relationship between bacterial biomass and the resource gradient can also indicate strong mortality and top-down control on bacteria (Pace & Cole 1994) . Li et al. (2004) found a macro-ecological relationship between bulk bacterial abundance and chl a and observed non-linearity, from a positive relationship at low levels of productivity to a negative one at high levels of productivity. This shift was thought to represent a transition from bottom-up to top-down control of bacteria by grazing or viruses (Li et al. 2004 ). However, it may also be related to the differences in bacterial community structure as exemplified by the different bacterial regression slopes that we have encountered across the different productivity levels. Indeed, evidence for different patterns in the control of bacterial community com-positions linked to differential growth and mortality grazing rates among the major bacterial groups was revealed e.g. by Yoko kawa & Nagata (2005) in western North Pacific coastal waters and by Ferrera et al. (2011) in Blanes Bay, who measured lower growth rates of the more abundant groups such as Alphaproteo bacteria, relative to less abundant but fastergrowing Bacteroidetes and Gammaproteobacteria. Ferrera et al. (2011) ex perimentally showed that even though SAR11 was the most abundant bacterial group, it was also the one with the slowest growth. This links to our findings of weak relationships between Alphaproteobacteria and SAR11 abundance with chl a in coastal ecosystems in comparison to their importance in terms of contribution to BCS.
In conclusion, our results indicate that bacterial community structure is not random but that the contribution of the different groups varies at different rates with a gradient of environmental parameters. Our results point out that the relationships between bacterial group abundance and phytoplankton biomass are a function of the phylogenetic level at which the bacterial community is studied, and also a function of the type of ecosystems in which the relationship is analyzed. Finally, since the explanatory variables identified can be detected from space and modeled with relative ease (e.g. Yoder et al. 2010) , our analysis can be used to model global climatologies of the abundances of the different bacterial groups and of BCS. 
